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ABSTRACT: Power line communication (PLC) channels are significantly affected by bursty and impulsive electromagnetic interference
(EMI), whose temporal clustering and amplitude variability are not adequately captured by conventional statistical models. Existing
approaches often treat impulse arrivals and amplitudes independently, limiting their ability to reproduce the coupled dynamics observed
in practical transmission line environments. In this study, a marked self-exciting point process model is proposed for PLC noise charac-
terization, where impulse arrival times are governed by a Hawkes-type process, and amplitudes are represented as stochastic marks. The
framework incorporates mark-dependent excitation, allowing higher-amplitude impulses to influence subsequent event occurrences and
thereby capture the observed bursty structure. A measurement-driven analysis shows that PLC impulsive noise exhibits short-term tem-
poral dependence and deviation from memoryless behavior, as reflected in skewed inter-arrival distributions, nonlinear complementary
cumulative distribution function (CCDF) characteristics, and non-zero autocorrelation at small lags. Parameter estimation indicates dom-
inant baseline activity with moderate self-excitation and rapidly decaying temporal influence. Amplitude modeling revealed a skewed
distribution with intermittent high-energy events, whereas extreme value analysis using a generalized Pareto distribution suggested a
bounded tail behavior for threshold exceedances. A joint likelihood-based estimation framework was developed to enable practical pa-
rameter inference. Validation of measured PLC datasets demonstrated that the proposed model consistently captures both temporal and
amplitude characteristics without parameter re-estimation. A comparative analysis with a Poissonmodel showed clear discrepancies, with
a quantified CCDF error of 0.15932, highlighting the limitations of memoryless assumptions. Overall, the proposed marked self-exciting
framework provides a physically interpretable and statistically consistent representation of impulsive EMI in PLC systems, offering a
robust foundation for improved modeling and mitigation strategies.

1. INTRODUCTION

Electromagnetic interference (EMI) in power line communi-
cation (PLC) systems, which use existing transmission line

infrastructures for data transmission, is predominantly charac-
terized by impulsive disturbances that exhibit irregular, tem-
poral occurrences and significant amplitude variability. These
disturbances arise from diverse electromagnetic sources, in-
cluding switching devices, nonlinear loads, and coupling ef-
fects along the transmission medium, resulting in stochastic
sequences of impulses with nonuniform spacing and varying
intensities [1, 2]. While such interference is often associated
with clustering behavior, measurement-driven observations in-
dicate that the dependence between events is primarily short-
term rather than persistent. Conventional statistical models for
PLC noise, including Middleton Class A formulations and re-
lated parametric approaches, typically assume independence
between impulse arrival dynamics and amplitude behavior,
thereby limiting their ability to represent the coupled nature of
the measured EMI processes [3, 4]. This limitation becomes
particularly critical in practical PLC systems, where both the
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timing and magnitude of interference events jointly influence
the PLC communication performance and system reliability.
Recent research efforts have explored a range of stochas-

tic and data-driven methodologies to better characterize im-
pulsive EMI in transmission line environments, particularly in
the context of emerging smart grid applications. Queueing-
theoretic formulations and traffic-based abstractions were pro-
posed to describe burst-like interference arrivals in [5]. How-
ever, such approaches often rely on assumptions of stationarity
and independence that are not fully consistent with the vari-
ability and nonuniform temporal behavior observed in mea-
sured PLC noise. Measurement-based studies have demon-
strated that PLC interference exhibits significant temporal fluc-
tuations and deviations from idealized statistical assumptions
[6], and broader statistical analysis highlights the presence of
impulsive characteristics and limitations of conventional mod-
eling approaches in accurately capturing real EMI behavior [7].
Extreme value theory (EVT) has beenwidely employed to char-
acterize the distribution of high-amplitude disturbances, includ-
ing PLC impulsive noise, particularly for rare events exceeding
a prescribed threshold [8–10]. Although effective in captur-
ing tail behavior, such formulations are inherently static and do
not account for the temporal dynamics governing impulse oc-
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currence. Bayesian inference frameworks have further enabled
improved parameter estimation and uncertainty quantification
[11, 12]. However, they typically depend on predefined like-
lihood structures and do not explicitly incorporate the mecha-
nisms of event interaction or excitation effects. Consequently,
existing approaches are limited in their ability to jointly rep-
resent temporal and amplitude couplings inherent in impulsive
EMI processes.
In addition, nonlinear time-series analysis techniques, in-

cluding phase space reconstruction [13] and chaos-inspired
methods [14], have been applied to EMI signals, revealing
structured temporal patterns that deviate from purely random
behavior. However, these approaches are primarily diagnostic
and do not yield generative stochastic models capable of repro-
ducing both impulse arrival dynamics and amplitude variabil-
ity. Multifractal and stochastic volatility-based models have
also been explored to capture variability and scaling character-
istics of PLC noise [1, 3, 4, 15–17], among others. However,
such formulations typically focus on continuous-valued pro-
cesses and do not explicitly represent discrete impulse arrivals
or the interaction between event timing and amplitude fluctua-
tions.
Recently, data-driven and hybrid statistical approaches have

been proposed for impulsive noise modeling, detection, and
mitigation in PLC and related electromagnetic environments,
including machine learning-based classification, deep learning
architectures, and adaptive filtering frameworks [12, 18–20].
While these methods demonstrate strong performance in de-
tection and suppression tasks, they often operate as black-box
models with limited physical interpretability and do not pro-
vide explicit probabilistic descriptions of the joint temporal–
amplitude dynamics of EMI processes.
Collectively, these limitations reveal a fundamental gap in

existing EMI modeling approaches: the absence of a uni-
fied, physically interpretable stochastic framework that simul-
taneously captures temporal dependence, amplitude variability,
and extreme event behavior in impulsive noise environments.
To address this challenge, this study proposes a marked self-
exciting point process model for PLC noise, in which impulse
arrivals are governed by a self-exciting mechanism whereas
the associated amplitudes are represented as stochastic marks
with heavy-tailed characteristics. Unlike Middleton Class A
and EVT-based approaches, which primarily model amplitude
statistics without explicitly describing temporal dependence,
and unlike conventional Hawkes processes, which model event
clustering without incorporating amplitude-driven interactions,
the proposed framework jointly captures temporal excitation,
amplitude variability, and their mutual coupling within a uni-
fied probabilistic model. By allowing large-amplitude impulses
to influence the likelihood of subsequent events while simulta-
neously accounting for extreme-value behaviour, the proposed
approach provides a physically interpretable representation of
bursty impulsive EMI in PLC environments.
The remainder of this paper is organized as follows. Sec-

tion 2 presents the mathematical formulation of the proposed
marked self-exciting point process model for PLC impulsive
noise, including the integration of extreme value modeling for

high-amplitude events. Section 4 describes the measurement
setup, data acquisition procedure, and preprocessing techniques
used for impulse detection and event extraction. Section 5 pro-
vides the experimental results and discussion, including param-
eter estimation, temporal and amplitude validation, and a com-
parative analysis with conventional models. Finally, Section 6
concludes the study.

2. MARKED SELF-EXCITING POINT PROCESSMODEL

2.1. Preliminaries and Notation
EMI in indoor low-voltage PLC systems is modelled as a
sequence of discrete disturbance events that occur over a
continuous-time observation window [0, T ]. Therefore, let

Ht = (ti,mi) : ti < t (1)

represent the history of the process up to time t, in which ti ∈
R+ denotes the occurrence time of the i-th impulse event, and
mi ∈ R+ be its associated mark (which includes amplitude,
energy, or envelope magnitude). Therefore, the EMI process
can be defined as a marked point process [21–23],

(ti,mi)
N(T )
i=1 , (2)

whereN(T ) is a counting process that represents the total num-
ber of impulses in [0, T ]. This formulation is physically consis-
tent with PLC noise measurements, where interference exists
in discrete impulsive events and has heterogeneous amplitudes
and irregular temporal spacing.
The key distinction between the proposed framework and

existing impulsive noise models lies in the explicit incorpo-
ration of mark-dependent excitation. In conventional Hawkes
processes, all events contribute equally to future excitation re-
gardless of their amplitude. In contrast, the proposed model
allows high-amplitude impulses to exert greater influence on
subsequent arrivals through the term mβ

i , thereby establishing
a direct coupling between temporal occurrence and impulse
severity. This mechanism enables simultaneous characteriza-
tion of burst formation and amplitude evolution within a single
stochastic framework.

2.2. Self-Exciting Structure
To capture the bursty and clustered behaviour of impulsive
EMI, a self-exciting (Hawkes-type) conditional intensity func-
tion is used to model the arrival process as [21, 22, 24]:

λ(t | Ht) = µ+
∑

ti < tg(t− ti,mi), (3)

where µ > 0 defines the baseline (exogenous) intensity, and
g(·) denotes the excitation kernel that captures the influence of
historical events.
For PLC systems, large-amplitude impulses normally trigger

subsequent disturbances (e.g., switching cascades), thus moti-
vating a mark-dependent excitation kernel [23, 24]:

g(t− ti,mi) = αmβ
i e

−δ(t−ti), t > ti, (4)

where α, β, δ > 0.
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As such, the intensity becomes,

λ(t | Ht) = µ+
∑

ti < tαmβ
i e

−δ(t−ti). (5)

In this formulation in PLC context, µ defines the background
EMI resulting from persistent sources; mβ

i denotes the strong
impulses inducing higher excitation; e−δ(t−ti) is the memory
decay that reflects transient coupling effects. This structure al-
lows the modeling of EMI burst generation, which is a well-
documented feature of PLC noise.

2.3. Mark (Amplitude) Distribution
The amplitude of impulsive EMI is characterized by heavy-
tailed behavior, confirming the existence of rare but extreme
disturbances. To capture both moderate and extreme EMI
events, a hybrid mark model was adopted [25, 26]:

mi ∼

{
fbulk(m; θb), m ≤ u,

ftail(m; θt), m > u,
(6)

where u is a predefined threshold. For

(a) Bulk component resulting from routine switching noise, a
lognormal distribution is employed:

fbulk(m) =
1

mσ
√
2π

exp
(
− (lnm− µb)

2

2σ2

)
. (7)

(b) Tail component (EVT) characterized by rare high-energy
transients (e.g., arcing, load switching) for m > u, the
Generalized Pareto Distribution (GPD) is used:

ftail(m) =
1

σt

(
1 + ξ

m− u

σt

)−(1+ 1
ξ )

, (8)

where ξ and σt define the shape and scale parameters, re-
spectively.

2.4. Joint Likelihood Function

Let (ti,mi)
N(T )
i=1 be an observation of a marked point process.

Then, the likelihood function is defined as [21, 22, 27],

L=

N(T )∏
i=1

λ(ti | Hti) · f(mi | Hti)

exp(−∫ T

0

λ(t | Ht), dt

)
. (9)

The step-by-step decomposition and definition of (9) is as fol-
lows:

(a) The arrival contribution is given by,

N(T )∏
i=1

λ(ti | Hti) (10)

(b) The mark contribution is as,

N(T )∏
i=1

f(mi | Hti) (11)

(c) The compensator (normalization term) is defined by,

exp

(
−
∫ T

0

λ(t | Ht), dt

)
(12)

2.5. Evaluation of the Compensator
By substituting the conditional intensity function and using the
exponential excitation kernel, the compensator term can be ex-
pressed as,

∫ T

0

λ(t), dt = µT +

N(T )∑
i=1

∫ T

ti

αmβ
i e

−δ(t−ti)dt (13)

Let s = t− ti. Then,∫ T

ti

e−δ(t−ti)dt =

∫ T−ti

0

e−δsds =
1− e−δ(T−ti)

δ
(14)

Thus,

∫ T

0

λ(t), dt = µT +

N(T )∑
i=1

αmβ
i

δ

(
1− e−δ(T−ti)

)
(15)

2.6. Log-Likelihood Formulation
The log-likelihood of a marked point process can be formulated
as [21, 22, 27],

ℓ=
N(T )∑
i=1

logλ(ti | Hti)+
∑

i=1N(T ) log f(mi)−
∫ T

0

λ(t), dt.

(16)
Substituting the exponential kernel-based conditional inten-

sity, the log-likelihood becomes:

ℓ =

N(T )∑
i=1

log

µ+
∑
tj<ti

αmβ
j e

−δ(ti−tj)



+

N(T )∑
i=1

log f(mi)

− µT

−
N(T )∑
i=1

αmβ
i

δ

(
1− e−δ(T−ti)

)
.

(17)

This objective function enables joint estimation of

Θ = µ, α, β, δ, θb, θt. (18)
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2.7. Model Properties and Physical Interpretation

The model captures the clustering behavior of PLC noise
through a self-exciting mechanism that reproduces bursty
EMI patterns observed in measurements. Furthermore, it
incorporates amplitude–arrival coupling, where the term mβ

i

ensures that high-energy impulses increase the likelihood of
subsequent events, reflecting the physical dependence between
impulse magnitude and occurrence. In addition, heavy-tailed
amplitude characteristics were modelled using EVT, enabling
an accurate representation of rare but significant interference
events critical for system reliability. Importantly, unlike phase
space reconstruction (PSR) approaches in [13] or other purely
descriptive methods, the proposed framework possesses a
generative capability, allowing it to simulate realistic EMI
sequences consistent with observed statistical behavior.

2.8. Relation to Existing Models

Existing models capture only partial characteristics of PLC
noise. TheMiddleton Class Amodel effectively represents am-
plitude statistics but lacks temporal dependence, while EVT
models accurately characterize extreme events yet ignore the
underlying event dynamics. Multifractal models account for
scaling properties but fail to represent discrete event arrivals,
and Hawkes processes successfully capture clustering behav-
ior but typically neglect amplitude variability. In contrast, the
proposed model provides a unified framework that integrates
these complementary aspects, simultaneously accounting for
time dynamics, amplitude statistics, extreme events, and phys-
ical interpretability.

2.9. Model Assumptions

In this work, the conditional intensity is assumed to depend
only on past events (causality), ensuring that future arrivals
do not influence the current excitation process. The associ-
ated marks are assumed to be conditionally independent given
the event history, while the threshold µ is assumed to be suf-
ficiently high for validating the Generalized Pareto Distribu-
tion (GPD) approximation. Furthermore, the excitation kernel
is assumed to follow an exponentially decaying form, imply-
ing finite-memory behaviour. These assumptions are consistent
with measured PLC EMI characteristics and enable tractable
parameter estimation and inference. The exponential excitation
kernel reflects the observation that the influence of an impul-
sive EMI event is typically the strongest immediately after oc-
currence and gradually diminishes with time. In practical PLC
environments, impulsive disturbances are commonly generated
by switching power supplies, inverter-based converters, motor
drives, relay operations, and other nonlinear electrical loads.
Such sources frequently produce bursts of closely spaced inter-
ference events whose effects persist over short time intervals
before decaying. Consequently, the exponential kernel pro-
vides a physically meaningful representation of short-term tem-
poral clustering while maintaining computational efficiency.
The proposed mark-dependent excitation mechanism further

assumes that larger-amplitude impulses exert greater influence
on subsequent event generation than weaker disturbances. This

assumption is consistent with practical observations in which
high-energy switching and transient events are often accom-
panied by correlated impulsive activity. As such, the frame-
work establishes a direct coupling between impulse severity
and temporal clustering. Despite these advantages, several lim-
itations should be acknowledged. First, the EVT component re-
lies on threshold selection for exceedance extraction. Although
threshold sensitivity analysis is performed in this work, the es-
timated tail parameters may vary when very few exceedances
are available. Second, the exponential kernel assumes finite-
memory behaviour and may not fully capture long-range de-
pendence or persistent correlations that could arise in highly
complex electromagnetic environments. Finally, the model as-
sumes approximately stationary statistical characteristics over
the observation interval. In practical smart-grid and power-
network environments, varying load conditions may introduce
non-stationary behaviour that would require time-varying or
regime-switching extensions of the proposed framework.

3. PARAMETER ESTIMATION METHODOLOGY
This section presents the estimation framework for the pro-
posed marked self-exciting point process model, which aims to
jointly infer temporal dynamics of impulse arrivals and statis-
tical properties of their amplitudes from observed PLC noise
data. Given the derived likelihood structure, parameter es-
timation is formulated within a maximum likelihood frame-
work, enabling consistent and efficient inference of both the
self-exciting intensity and mark distribution parameters. The
methodology combines analytical derivations with numerical
optimization techniques to ensure tractable, reliable estimation
of practical PLC EMI datasets.

3.1. Maximum Likelihood Estimation
Let Θ = µ, α, β, δ, θb, θt denote the full parameter vector gov-
erning the conditional intensity and mark distributions. Param-
eter estimation is performed via maximum likelihood by max-
imizing the log-likelihood function derived in Section 2:

ℓ(Θ) =

N(T )∑
i=1

log

µ+
∑
tj<ti

αmβ
j e

−δ(ti−tj)



+

N(T )∑
i=1

log f(mi)− µT

−
N(T )∑
i=1

αmβ
i

δ

(
1− e−δ(T−ti)

)
(19)

This formulation jointly captures temporal clustering using
conditional intensity and amplitude variability via the mark dis-
tribution. This ensures a unified representation of impulsive
EMI in PLC systems. Therefore, this estimation problem can
be formulated as,

Θ̂ = argmax
Θ

ℓ(Θ), (20)
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which follows the standard maximum likelihood framework for
point processes.

3.2. Practical Optimization Strategy
Due to the nonlinear structure of the log-likelihood, closed-
form solutions are unavailable. Therefore, numerical optimiza-
tion was employed. In this study, a quasi-Newton method
is adopted due to its efficiency and robustness for moderate-
dimensional problems. To improve convergence, the estima-
tion was performed in two stages:

• Initialization stage

– Estimate mark distribution parameters indepen-
dently

– Initialize temporal parameters using empirical statis-
tics

• Joint optimization stage

– Refine all parameters simultaneously using the full
log-likelihood

This strategy reduces sensitivity to poor initial values and im-
proves numerical stability. The log-likelihood can be separated
into two components as follows:

ℓ(Θ) = ℓtime(µ, α, β, δ) + ℓmarks(θb, θt), (21)

where the temporal component is derived from the self-exciting
point process theory, and the mark component follows standard
statistical modeling of amplitude distributions.

3.3. Initialization of Parameters
Initial parameter values are selected based on the data’s observ-
able characteristics:

• µ ≈ N(T )/T : average impulse rate

• δ: inverse of the mean inter-arrival time

• α: small positive value to ensure stability

• β ≈ 1: Linear amplitude influence (initial assumption)

Mark distribution parameters were estimated using standard
methods: the bulk component via lognormal fitting and the tail
component via GPD estimation. These initializations provide a
physically meaningful starting point for optimization.

3.4. EVT Threshold Selection
The threshold u separating moderate and extreme impulses is
selected using established extreme value techniques, including
mean excess function analysis and stability of GPD parameter
estimates. This ensures that the tail model accurately captures
high-amplitude EMI events, which are critical for PLC system
performance in the field.

3.5. Algorithmic Implementation
The overall estimation procedure is summarized as follows:

i. Extract the impulse sequence (ti,mi) from the PLC sig-
nal.

ii. Initialize parameters Θ(0)

iii. Evaluate the log-likelihood ℓ(Θ)

iv. Update parameters using a quasi-Newton method

v. Repeat until convergence:

|ℓ(k+1) − ℓ(k)| < ϵ (22)

vi. Output estimated parameters Θ̂

3.6. Computational Considerations
The direct evaluation of the conditional intensity involves the
summation over all past events, leading to quadratic computa-
tional complexity. To address this, an efficient recursive for-
mulation is employed for the exponential kernel as follows:

Si = e−δ(ti−ti−1)
(
Si−1 +mβ

i−1

)
, (23)

which reduces computational cost and enables scalable anal-
ysis of large PLC datasets. The computational complexity of
direct likelihood evaluation is O(N2) due to summation over
previous events. However, the exponential excitation kernel
permits recursive intensity updates, reducing the complexity
to O(N) and making the framework suitable for efficient PLC
noise analysis and potential real-time implementation.

4. DATA DESCRIPTION AND PREPROCESSING

4.1. PLC Noise Measurement Setup
The dataset used in this study consisted of measured impulsive
EMI signals collected from a low-voltage PLC environment.
The measurements were acquired using a high-resolution Rigol
DS2202A digital storage oscilloscope (DSO) connected to the
power transmission line network via a differential mode PLC
coupler based on the ETSI TS 102 578 standard [28] as shown
in Fig. 1. The DSO was set to sample at 1 giga-sample per sec-
ond, resulting in a 0.014 s window length. This sampling rate
was selected to adequately capture fast transient disturbances
and impulsive noise components commonly observed in PLC
channels.
The measurement setup reflects a realistic operating environ-

ment in which EMI is generated by various sources, includ-
ing switching devices, nonlinear electrical loads, and external
electromagnetic coupling. These sources have been confirmed
in [17, 29–31] among others to produce impulsive disturbances
with irregular temporal spacing and highly variable amplitudes,
consistent with observations from measurements, as shown in
Fig. 2.
A total of 30 measurement windows were analyzed in this

study, each representing a segment of the PLC noise environ-
ment under similar operating conditions. For parameter esti-
mation, the extracted impulse sequences from all datasets were
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FIGURE 1. Measurement setup [8].
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FIGURE 2. Sample impulsive disturbance in PLC network.
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FIGURE 3. PLC noise signal with thresholds (Representative dataset).

aggregated to ensure statistical robustness and sufficient event
density for reliable model fitting. Model validation was subse-
quently performed across individual datasets to assess consis-
tency and generalization of the proposed approach.

4.2. Impulse Detection and Event Extraction

To enable stochastic modeling using the proposed marked
self-exciting point process framework, the measured PLC
noise waveform was transformed into a sequence of discrete
impulsive events. This is achieved through an amplitude-based
thresholding procedure, in which significant interference
events are identified based on their deviation from the
background noise level.
Let x(t) denote the measured EMI signal. An impulse event

is detected at time ti whenever the signal magnitude exceeds a
predefined threshold u, that is,

|x(ti)| > u, (24)

where ti corresponds to the local maximum within the ex-
ceedance region. The associated markmi is defined as the peak
amplitude of the detected impulse:

mi = max
t∈Wi

|x(t)|, (25)

with Wi denoting the time window surrounding the i-th ex-
ceedance.
The selection of an appropriate threshold is critical because it

directly influences the balance between noise suppression and
impulse detection. To guide this selection, multiple candidate
thresholds were determined based on the statistical character-
istics of the measured data, including noise-based threshold
µ + 4σ and quantile-based thresholds Q95 and Q99. Because
20 datasets were used for training, threshold values were com-
puted individually for each dataset to account for variations in
noise characteristics across measurement windows. The results
are summarized in Table 1.
In addition, Fig. 3 illustrates the threshold selection on a rep-

resentative dataset, and Fig. 4 shows the corresponding impulse
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FIGURE 4. Impulse detection in PLC noise signal (Representative
dataset).
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TABLE 1. Threshold analysis results.

Threshold type Mean Std Dev Min Max
µ+ 4σ 0.0704 0.0187 0.0457 0.1245

Q95 0.0280 0.0061 0.0151 0.0440

Q99 0.0555 0.0209 0.0350 0.1150

detection results. To assess the consistency across measure-
ment windows, Fig. 5 presents the distribution of thresholds
computed over training datasets.
From the analysis, it can be observed that the quantile-based

thresholdQ95 exhibits the lowest variability, with a mean value
of 0.0280 and a relatively small standard deviation of 0.0061.
This indicates a high degree of consistency across different
measurement windows, suggesting that Q95 provides a stable
and reliable basis for detecting impulses.
In contrast, the noise-based threshold µ + 4σ demonstrated

greater variability, with a higher standard deviation (0.0187)
and a wider range of values. This increased spread reflects its
sensitivity to fluctuations in the underlying noise level, which
may lead to inconsistent impulse detections across datasets.
Similarly, theQ99 threshold, although effective in isolating ex-
treme events, exhibited noticeable variability (standard devia-
tion of 0.0209) and higher threshold values, resulting in sparse
event detection. The boxplot further confirms these observa-
tions, in which Q95 shows a compact interquartile range with
minimal dispersion, whereas both µ + 4σ and Q99 display
broader spreads and outliers. This behavior indicates that the
Q95 threshold achieves a favorable balance between robust-
ness and sensitivity, enabling consistent detection of impulsive
events without being overly influenced by dataset-specific vari-
ations.
Based on these results, Q95 was selected as the detection

threshold for impulse extraction, as it provided sufficient event
density for temporal modeling while maintaining stability
across measurement conditions. The Q99 threshold was
retained for extreme value analysis of the amplitude distribu-

tion, ensuring accurate characterization of rare, high-energy
interference events. The relatively narrow range of Q95 values
(0.0151–0.0440) further confirms its robustness across varying
PLC noise conditions. This approach ensures that the extracted
event sequence (ti,mi) preserves both the temporal structure
and amplitude variability of the measured EMI signal, thereby
providing a consistent and physically meaningful input for the
marked point process model.

4.3. Statistical Characteristics of PLC Noise

Extracted impulse sequences obtained using the selected de-
tection threshold provide preliminary insight into the statisti-
cal structure of PLC electromagnetic interference (EMI), which
guides the proposed modeling framework.
As illustrated in Fig. 4, the detected impulses corresponded

to distinct high-amplitude excursions superimposed on a lower-
level background signal. The use of a moderate quantile-based
thresholdQ95 ensures that both moderate and strong impulsive
events are retained, thereby preserving the intrinsic variabil-
ity of the interference signal and effectively suppressing back-
ground noise. This is further supported by the threshold consis-
tency observed across datasets (Fig. 5), which indicates that the
adopted detection strategy is stable under varying measurement
conditions.
Qualitatively, the detected impulses exhibited intermittent

and burst-like behavior, and groups of events appeared within
short time intervals separated by relatively quiet periods. This
observation suggests the temporal dependence in the EMI pro-
cess, motivating the use of a self-exciting point process model
to capture these clustering effects. In terms of amplitude
characteristics, extracted impulse magnitudes span a wide dy-
namic range, with occasional high-amplitude events that are
clearly distinguishable from the bulk of moderate disturbances.
This behavior is consistent with heavy-tailed distributions com-
monly reported in PLC noise and supports to use a higher
thresholdQ99 for extreme value modeling of the amplitude dis-
tribution.
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FIGURE 7. Parameter variation across training datasets.

It is important to note that these observations are based on
a qualitative inspection of extracted event sequences. A de-
tailed quantitative analysis of inter-arrival times, amplitude dis-
tributions, and clustering behavior across both training and val-
idation datasets is presented in Section 5 to rigorously validate
these characteristics.

5. RESULTS AND VALIDATION
In this section, the validation of the proposed marked self-
exciting point process model using the extracted impulse se-
quences from the PLC noise datasets is presented. The analysis
was conducted using a training–validation approach, in which
20 datasets were used for parameter estimation and the remain-
ing 10 datasets were used for out-of-sample validation.

5.1. Parameter Estimation Results (Training Datasets)
The parameters of the proposed marked self-exciting point pro-
cess model were estimated using impulse sequences extracted
from 20 training datasets. The estimation was performed using
maximum likelihood-based formulationswith a data-driven ini-
tialization to ensure stable convergence across datasets. Fig. 6
presents the distribution of estimated parameters using box-
plots, and Fig. 7 illustrates their variation across individual
datasets. Table 2 summarizes the corresponding statistical mea-
sures, including mean and standard deviation.

TABLE 2. Summary of estimated model parameters (training datasets).

Parameter Mean Std Dev
µ (Baseline intensity) 4742.4892 221.5084

α (Excitation strength) 0.0230 0.0068

δ (Decay rate) 5254.5258 503.6194

β (Mark influence) 1.3910 0.0800

The baseline intensity µ exhibited low variability across
datasets, with a mean value of 4742.49 and a standard devia-
tion of 221.51. This indicates a consistent background level

of impulsive interference in the PLC environment, suggesting
that the underlying noise process is largely driven by persis-
tent electromagnetic disturbances. The decay parameter δ had
a mean value of 5254.53 with a standard deviation of 503.62,
indicating moderate variability across datasets. Notably, δ has
a comparable magnitude to µ, implying that excitation effects
decay rapidly over time. This behavior is consistent with the
short-lived nature of impulsive disturbances in power line com-
munication systems, where interference events typically exhibit
limited temporal persistence.
The excitation strength parameter α remained relatively

small, with a mean value of 0.0230 and a standard deviation
of 0.0068. This suggests that although self-excitation effects
are present, they are not dominant, and the overall process is
primarily governed by the baseline interference level rather
than strong cascade effects. In contrast, the mark influence pa-
rameter β demonstrated stable behavior, with a mean value of
1.3910 and a standard deviation of 0.0800. The fact that β > 1
indicates that higher-amplitude impulses increase the likeli-
hood of subsequent events, confirming amplitude-dependent
excitation mechanisms in the PLC noise process.
Overall, the estimated parameters exhibited bounded vari-

ability and consistent trends across training datasets, indicating
that the proposed model provides a stable and physically inter-
pretable representation of impulsive EMI in PLC systems.

5.1.1. Parameter Uncertainty Analysis

To assess the stability of estimated model parameters, uncer-
tainty analysis was performed across 20 training datasets. As-
suming approximate normality of the parameter estimates, 95%
confidence intervals were computed according to,

CI95% = θ̄ ± 1.96
sθ√
N

, (26)

where θ̄ defines the sample mean; sθ is the sample standard de-
viation; andN = 20 represents the number of training datasets.
The resulting confidence intervals are presented in Table 3.
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FIGURE 8. Histogram of inter-arrival times in training data.

TABLE 3. Summary statistics and 95% confidence intervals of esti-
mated model parameters.

Parameter Mean Std Dev 95% Confidence Interval

µ 4742.4892 221.5084 [4645.40, 4839.58]

α 0.0230 0.0068 [5033.75, 5475.30]

δ 5254.5258 503.6194 [0.0200, 0.0260]

β 1.3910 0.0800 [1.3560, 1.4260]

The parameter statistics presented in Table 3 provide infor-
mation on the stability and robustness of the proposed estima-
tion framework across 20 training datasets. The relatively nar-
row confidence interval associated with the baseline intensity
parameter µ shows a consistent background impulsive activ-
ity level across the different PLC noise realizations. Similarly,
the excitation decay parameter δ exhibits moderate variability
but remains well-constrained, implying that the temporal influ-
ence of preceding impulses decays at a relatively consistent rate
across datasets. The excitation strength parameter α demon-
strates the smallest absolute variation, with a narrow confidence
interval indicating stable estimation of the self-excitation effect.
In addition, the mark-sensitivity parameter β remains tightly
concentrated around its mean value, confirming that impulse
amplitudes exert a consistent influence on subsequent event
generation. Generally, the relatively narrow confidence in-
tervals observed for all parameters suggest that the proposed
marked self-exciting point process yields robust and repeat-
able parameter estimates, providing confidence in its ability to
characterize the temporal and amplitude dynamics of impulsive
EMI in PLC environments. The relatively narrow confidence
intervals obtained for µ, δ, α, and β indicate that estimated pa-
rameters are reasonably stable across training datasets. This
suggests that the proposed framework is not highly sensitive
to small parameter estimation errors and maintains consistent
temporal clustering characteristics.

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
−3

10
−4

10
−3

10
−2

10
−1

10
0

 t

C
C

D
F

∆

FIGURE 9. CCDF of inter-arrival times.

5.2. Temporal Validation: Inter-Arrival Characteristics

Temporal dynamics of extracted impulse sequences were an-
alyzed to assess the suitability of the proposed self-exciting
point process model. Inter-arrival times are computed as∆ti =
ti − ti−1 for all detected impulses across training datasets.
Figure 8 presents a histogram of inter-arrival times. The dis-

tribution is highly skewed, with a pronounced concentration of
short inter-arrival intervals and a gradual decay toward larger
values. This indicates that impulsive events frequently occur in
rapid succession, whereas longer intervals between events are
less common. This suggests that impulse occurrences are not
uniformly distributed over time.
The complementary cumulative distribution function

(CCDF), shown in Fig. 9, further characterizes this behavior.
The empirical CCDF exhibits nonlinear decay, indicating
deviation from the exponential behavior, which is typically
associated with a memoryless (Poisson) process. The curva-
ture observed in the CCDF suggests that the probability of
longer inter-arrival times decreases at a rate inconsistent with
independent event arrivals, implying a temporal dependence
between impulses.
Figure 10 illustrates the temporal distribution of detected im-

pulses for a representative dataset. The impulse events are not
evenly spaced; instead, they appear in dense regions of activ-
ity, followed by intervals with reduced event occurrence. Due
to the relatively high event density associated with the selected
detection threshold, clustering appears as localized concentra-
tions of impulses rather than clearly separated bursts. This re-
flects the continuous and overlapping nature of impulsive inter-
ference in PLC systems.
To complement the visual analysis of the inter-arrival time

histogram and CCDF, a Kolmogorov–Smirnov (KS) goodness-
of-fit test was performed to evaluate the validity of the memo-
ryless Poisson arrival assumption. Under the null hypothesis,
the inter-arrival intervals are assumed to follow an exponential
distribution, which is characteristic of a Poisson process. The
resulting test statistics are summarized in Table 4.
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FIGURE 10. Temporal distribution of detected impulses.

TABLE 4. Kolmogorov–Smirnov goodness-of-fit test for the poisson
arrival assumption.

Statistic Value
KS Statistic 0.2768

p-value < 0.001

Decision Reject (H0)

β 1.3910

As observed in Table 4, the KS statistic was found to be
0.2768 with a corresponding p-value below 0.001. The rel-
atively large KS statistic indicates a substantial deviation be-
tween the empirical inter-arrival distribution and the theoreti-
cal exponential distribution. Furthermore, the extremely small
p-value leads to rejection of the null hypothesis at conven-
tional significance levels, confirming that the observed impul-
sive EMI arrivals do not follow a memoryless Poisson process.
These results provide quantitative statistical evidence support-
ing observations from histogram and CCDF analyses, which re-
vealed significant departures from exponential behaviour. The
rejection of the Poisson assumption indicates the temporal de-
pendence and clustering effects within themeasured PLC noise.
From an engineering perspective, this behaviour is consistent
with interference generated by switching devices, power elec-
tronic converters, inverter-driven loads, and other impulsive
electromagnetic sources that tend to produce bursts of closely
spaced events rather than independent arrivals. Consequently,
the observed arrival dynamics cannot be adequately represented
by conventional memoryless models and motivate the adoption
of self-exciting point process formulations capable of capturing
temporal clustering and event interaction effects.
Collectively, these observations confirm that the impulse ar-

rival process exhibits significant temporal irregularities and
clustering behavior. The deviation from exponential inter-
arrival characteristics, together with the observed concentra-
tion of events over time, provides strong evidence against the
assumption of independent arrivals, which captures the depen-
dence of future events on past impulse occurrences.
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FIGURE 11. Histogram of impulse amplitudes.

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Exceedance (y)

C
D

F

Empirical
GPD Fit

FIGURE 12. GPD fit to amplitude exceedances.

5.3. Amplitude Validation and Extreme Value Modeling
Amplitude characteristics of detected impulses were analyzed
to complement the temporal modeling of PLC noise. The am-
plitudes mi, extracted using the detection threshold Q95, were
aggregated across the training datasets to examine their statis-
tical behavior. Fig. 11 presents a histogram of impulse ampli-
tudes. The distribution was highly skewed, with a significant
concentration of moderate-amplitude events and a gradual de-
cay toward higher values. While most impulses fall within a
relatively narrow amplitude range, a small number of larger
events extend beyond the bulk of the distribution, indicating
intermittent high-energy disturbances.
To further characterize the tail behavior, a higher threshold

u = Q99 is applied, and exceedances are defined as yi = mi−u
for mi > u. A total of 13 exceedances were obtained, which
were modelled using GPD.
Figure 12 shows the empirical exceedance distribution along

with the fitted GPD model. The fitted parameters were ξ =
−0.48007 and σ = 0.03951. The negative value of the shape
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FIGURE 13. Autocorrelation of impulse sequence.
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parameter ξ indicates that the tail of the amplitude distribution
is bounded, implying that while high-amplitude impulses oc-
cur, their magnitudes do not grow without bound. Despite the
limited number of exceedances, the GPDmodel provides a rea-
sonable approximation of the empirical distribution, capturing
the overall trend of tail behavior. This suggests that extreme
amplitude events, although relatively infrequent, can be effec-
tively characterized within a bounded range.
The results demonstrate that PLC impulsive noise exhibits

a skewed amplitude distribution with intermittent high-energy
events but weak evidence of heavy-tailed unbounded extreme
behavior. Therefore, the dual-threshold approach enables the
separation of moderate impulses for temporal modeling and
higher-amplitude events for tail characterization, providing a
comprehensive representation of amplitude dynamics.

5.3.1. Threshold Sensitivity Analysis

To assess the robustness of the EVT-based tail characterization,
a threshold sensitivity analysis was performed using the 95th,
97.5th, and 99th percentile thresholds. The resulting GPD pa-
rameter estimates are summarized in Table 5.

TABLE 5. Sensitivity of GPD parameters to threshold selection.

Threshold Exceedances Shape (ξ) Scale (σ)
Q95 65 −0.25137 0.03684

Q97.5 31 −0.07855 0.02438

Q99 13 −0.49935 0.03985

The number of exceedances decreases from 65 atQ95 to 13 at
Q99, as expected for increasingly stringent thresholds. Despite
this reduction, the estimated shape parameter remains nega-
tive across all investigated thresholds, with values ranging from
−0.07855 to −0.48007. This consistency indicates that the in-
ferred bounded-tail behaviour is not solely an artifact of the se-
lected threshold but remains stable under reasonable variations

in threshold selection. Even though higher thresholds result in
fewer exceedances and consequently greater estimation uncer-
tainty, the persistence of a negative shape parameter across all
cases provides additional confidence in the EVT-based charac-
terization. The sensitivity analysis therefore supports the con-
clusion that impulsive EMI amplitudes exhibit a finite upper-
tail behaviour within the observed measurement environment.

5.4. Clustering Behavior and Self-Excitation Effects
To further investigate the temporal dependence of impulsive in-
terference, an additional analysis was performed to assess clus-
tering behavior and the presence of self-excitation effects in the
extracted impulse sequences.
Figure 13 shows the autocorrelation function of the impulse

sequence. A prominent peak is observed at zero lag, as ex-
pected, along with noticeable positive correlations at small lags
of the two variables. The autocorrelation values decay rapidly
as the lag increases, indicating that the dependence between
events is primarily short-range. This behavior suggests that im-
pulsive events are temporally correlated within short time inter-
vals but do not exhibit a long-range memory.
Event clustering characteristics were further examined using

the number of neighboring events occurring before and after
each detected impulse, as shown in Fig. 14. The results indicate
comparable levels of activity before and after individual events,
with no consistent dominance of post-event activity. This sug-
gests that while some degree of excitation exists, the triggering
effect of individual impulses on subsequent events is moderate
rather than strong.
Figure 15 shows the distribution of inter-event times for a

representative dataset. The distribution is highly skewed, with
a large concentration of short intervals and a small number of
long gaps. This pattern confirms the burst-like behavior, where
impulses tend to occur in clusters separated by relatively quiet
periods.
Overall, the results indicate that PLC impulsive noise ex-

hibits short-term clustering with moderate self-excitation. The
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FIGURE 15. Inter-event time distribution.
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FIGURE 17. Validation data amplitude distribution.
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FIGURE 18. Event count across validation datasets.

observed temporal dependence is sufficient to justify using a
self-exciting point process model; however, the relatively bal-
anced pre- and post-event activities suggest that the process is
not dominated by strong cascade mechanisms. Instead, the im-
pulse arrival process is primarily governed by a combination of
background activity and localized temporal interactions.

5.5. Validation on Unseen Datasets

To evaluate the generalization capability of the proposed mod-
eling framework, the analysis was extended to 10 validation
datasets that were not used during parameter estimation. The
same impulse detection and thresholding procedures were ap-
plied without any modification, ensuring a consistent evalua-
tion framework.
Figure 16 presents the CCDF of inter-arrival times for vali-

dation datasets. The observed distribution exhibited a similar
nonlinear decay pattern to that obtained from the training data,

indicating that the temporal characteristics of impulse arrivals
remained consistent across datasets. In particular, the concen-
tration of short inter-arrival intervals and the presence of a tail
region confirm the persistence of burst-like behavior in the val-
idation dataset.
Figure 17 shows the amplitude distributions of detected im-

pulses. The histogram retained a highly skewed structure, with
a dominant concentration of moderate-amplitude events and
a gradually decaying tail toward higher amplitudes. This be-
havior closely matches amplitude characteristics observed in
training datasets, indicating that statistical properties of impulse
magnitudes are stable under varying measurement conditions.
The consistency of the detection process is further demon-

strated in Fig. 18, which presents the number of detected events
in validation datasets. The event counts remained within a rela-
tively narrow range, indicating that the threshold-based impulse
extraction method was robust and did not introduce significant
variability across different measurement windows.
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FIGURE 19. Temporal density of impulses.
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FIGURE 20. Comparison of empirical vs Poisson model.

In addition, the temporal evolution of the impulse activity is
illustrated in Fig. 19 using a sliding-window estimate of event
density. The plot reveals distinct regions of high and low activ-
ity, corresponding to bursts of impulsive interference followed
by relatively quiet intervals. This behavior further confirms the
temporal clustering and nonuniform event occurrence, which
cannot be captured by memoryless models. The observed vari-
ation in event density over time supports the need for a model-
ing framework that accounts for localized temporal interactions
between impulses.
Overall, the validation results confirm that both temporal and

amplitude characteristics of PLC impulsive noise were consis-
tently captured across unseen datasets. Therefore, the proposed
modeling framework demonstrates strong generalization capa-
bility, with stable behavior observed in both event dynamics
and amplitude distributions without the need for parameter re-
estimation.

5.6. Comparative Analysis with Existing Models

To assess the effectiveness of the proposedmarked self-exciting
point process model, a comparative analysis was performed
against a conventional Poisson process model, which assumes
independent and memoryless event arrivals. The compari-
son focused on temporal characteristics, including inter-arrival
distributions, CCDF, and autocorrelation behavior. Fig. 20
presents the CCDF of inter-arrival times for both the measured
PLC noise and the corresponding Poisson model. For visual-
ization clarity, the empirical CCDF of the measured data was
interpolated using a shape-preserving (pchip) method, which
ensured a smooth representationwithout altering the underlying
distribution. The results show a clear deviation between these
two models. While the Poisson model exhibits a near-linear de-
cay on the semi-logarithmic scale, consistent with exponential
behavior, the measured PLC noise displays a distinct nonlinear
profile with slower decay in certain regions and sharper drop-
offs at larger inter-arrival times. This indicates that the Poisson

FIGURE 21. Inter-arrival distribution: Real vs Poisson.

assumption fails to capture the temporal dependence of mea-
sured data.
To quantify this deviation, the mean absolute error between

empirical and Poisson CCDFs was computed, yielding a value
of 0.15932. This non-negligible error confirms that the Pois-
son model provides a poor approximation of the observed inter-
arrival behavior.
Fig. 21 shows inter-arrival time distributions for both mod-

els. The measured PLC noise exhibited a highly skewed dis-
tribution with a strong concentration of short inter-arrival in-
tervals and a heavier tail than the Poisson model. In contrast,
the Poisson distribution follows the expected exponential form
and lacks the pronounced clustering observed in measured data.
This further highlights the inability of the Poisson model to rep-
resent bursty interference patterns.
The differences are further emphasized in Fig. 22, which

presents the autocorrelation functions of inter-arrival sequences
for the two cases. The Poisson model exhibits near-zero auto-
correlation across all non-zero lags, confirming its memoryless
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TABLE 6. Model comparison using likelihood-based criteria.

Model Log-Likelihood AIC BIC

Poisson 9897.5901 −19793.1802 −19787.9902

Classical Hawkes 10253.5231 −20501.0463 −20485.4765

Marked Hawkes 10222.1670 −20436.3341 −20415.5744
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FIGURE 22. Autocorrelation: Real vs Poisson.

nature. In contrast, the measured PLC noise showed small but
noticeable positive correlations at short lags, indicating the tem-
poral dependence and short-term clustering effects.
Overall, the comparative analysis demonstrates that the Pois-

son model is insufficient for accurately characterizing PLC im-
pulsive noise, as it fails to capture the clustering behavior and
temporal dependence observed in the data. In contrast, the
proposed marked self-exciting point process model provides a
more realistic representation by incorporating both event inter-
actions and amplitude effects, thereby enabling improved mod-
eling of bursty EMI in power line communication systems. To
further quantify model adequacy, likelihood-based comparison
was performed among Poisson, classical Hawkes, and marked
Hawkes models using Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC).

5.6.1. Statistical Goodness of Fit Assessment

To complement visual comparisons presented in preceding sec-
tions and provide a more rigorous assessment of model ad-
equacy, likelihood-based benchmarking was performed using
three arrival models: a memoryless Poisson process, a classi-
cal Hawkes process, and the proposed mark-dependent Hawkes
framework. Model performance was evaluated using the log-
likelihood, AIC, and BIC, which jointly assess model fit and
complexity. The resulting statistics are summarized in Table 6.
The Poisson model produced the lowest log-likelihood and

the highest AIC/BIC values, indicating poor agreement with the
measured PLC impulsive noise. This observation is consistent
with the KS goodness-of-fit results presented in Subsection 5.2,

which rejected the exponential inter-arrival assumption asso-
ciated with Poisson arrivals. In contrast, both Hawkes-based
models achieved substantially improved likelihood scores, con-
firming the temporal dependence and self-excitation in themea-
sured impulsive EMI process. This comparison demonstrates
that self-exciting point process formulations provide a signif-
icantly more realistic representation of PLC impulsive noise
than conventional memoryless models. The likelihood-based
improvement obtained by Hawkes models supports the hypoth-
esis that impulsive EMI arrivals occur in clusters rather than
independently. Consequently, incorporating event interaction
mechanisms is essential for accurately capturing the tempo-
ral structure of PLC noise. In this work, a Poisson process
was selected as the baseline benchmark because it represents
the classical memoryless arrival assumption, providing a ref-
erence against which the benefits of temporal clustering and
self-excitation can be quantified.

5.7. Engineering Implications for PLC Systems

The statistical characteristics identified in this study have im-
portant implications for practical PLC system design. The
rejection of the Poisson arrival assumption and the superior
performance of Hawkes-based models indicate that impulsive
EMI arrivals exhibit temporal clustering and short-term mem-
ory, implying that conventional memoryless noise models may
underestimate burst-error occurrence in PLC links. Such be-
haviour is consistent with interference generated by switch-
ing power supplies, inverter-based systems, motor drives, and
other nonlinear electrical loads commonly present in modern
power networks. Furthermore, the EVT analysis confirms sig-
nificant impulsive amplitude variations, highlighting the need
for robust coding, adaptive modulation, and impulsive-noise
mitigation techniques capable of handling extreme interference
events. The proposed marked self-exciting framework there-
fore provides a physically meaningful basis for realistic EMI
simulation and performance evaluation of next-generation PLC
systems operating in increasingly complex electromagnetic en-
vironments.
From an engineering perspective, the proposed framework

provides a practical tool for generating realistic synthetic im-
pulsive noise sequences that preserve both temporal cluster-
ing and amplitude statistics observed in measured PLC envi-
ronments. Such synthetic noise models can be used to evalu-
ate receiver performance, bit-error-rate (BER) behaviour, cod-
ing schemes, and modulation strategies under realistic EMI
conditions. In addition, the explicit representation of tempo-
ral excitation enables the development of adaptive and predic-
tive interference mitigation algorithms capable of anticipating
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bursty impulsive events and dynamically adjusting receiver pa-
rameters to improve communication reliability. The estimated
conditional intensity may be used as a real-time indicator of
impulsive-noise risk, enabling adaptive activation of blanking,
filtering, or error-control mechanisms. In addition, the pro-
posed framework can generate realistic synthetic PLC noise for
receiver evaluation and BER performance testing.

6. CONCLUSIONS
This study presents a marked self-exciting point process frame-
work for modeling bursty impulsive noise in PLC systems, in-
tegrating both temporal dynamics and amplitude characteristics
within a unified statistical structure. The analysis of measured
PLC data demonstrated that impulse arrivals exhibit short-term
temporal dependence and clustering, as evidenced by skewed
inter-arrival distributions, nonlinear CCDF behavior, and non-
zero autocorrelation at small lags, deviating from the memory-
less assumption of Poisson processes. The parameter estima-
tion results showed stable baseline activity with moderate ex-
citation effects and rapid decay, indicating that the noise pro-
cess was primarily driven by persistent background interfer-
ence with localized temporal interactions. Amplitude analysis
revealed a skewed distribution with intermittent high-energy
events, whereas EVT-based modeling indicated bounded tail
behavior, suggesting that extreme impulses are present but not
unbounded. Validation on unseen datasets confirmed the ro-
bustness and generalization capability of the proposed frame-
work, with consistent temporal and amplitude characteristics
observedwithout parameter re-estimation. A comparative anal-
ysis further showed that conventional Poisson models failed to
capture observed dynamics, with a measurable CCDF devia-
tion (error = 0.15932), highlighting the importance of incor-
porating temporal dependence in PLC noise modeling. Over-
all, the proposed model provides a realistic and physically in-
terpretable representation of impulsive electromagnetic inter-
ference in transmission lines, offering a solid foundation for
designing adaptive and resilient PLC communication systems.
Future work will investigate online and adaptive parameter
estimation techniques to enable real-time implementation of
the proposed framework in dynamic PLC environments, non-
stationary and regime-switching extensions of the proposed
framework, alternative excitation kernels for long-memory im-
pulsive processes, and integration of the model into PLC sys-
tem simulations for communication performance assessment
and adaptive interference mitigation.
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